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Abstract

Type 2 diabetes mellitus (DM2) is associated with a high risk of developing chronic complications such as chronic kidney disease
(CKD) and different types of cancer, especially of the gastrointestinal tract. In this context, advances in deep learning and biomarker
identification allow the development of highly accurate and non-invasive predictive tools. This article presents a critical review and
methodological proposal for the application of deep learning models based on clinical data and molecular biomarkers to predict
the occurrence of gastrointestinal cancer and CKD in patients with T2D. Computational approaches are integrated with recent
clinical evidence, highlighting the usefulness of convolutional neural network (CNN) models and attention models, as well as the
integration of omics and clinical-biochemical parameters in prediction. Preliminary results show high diagnostic accuracy,
suggesting a promising approach to improve prognosis and personalization of treatments in preventive medicine.
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Introduction

Type 2 diabetes mellitus (T2DM) is one of the main threats to global public health, with a
prevalence that continues to increase due to population ageing, inadequate eating habits and
sedentary lifestyles. According to the International Diabetes Federation (IDF), more than 530
million adults were living with diabetes in 2021, and this figure is estimated to reach 643 million
by 2030 (Sun et al., 2022). This metabolic disease, characterized by insulin resistance and
chronic hyperglycemia, has systemic implications that affect multiple organs, particularly the
renal system and gastrointestinal tract.

Numerous studies have documented a strong correlation between T2DM and the development
of chronic kidney disease (CKD), largely due to oxidative stress, chronic inflammation, and
fibrosis processes induced by persistent hyperglycemia (Perrone et al., 2023). CKD is one of the
main causes of morbidity and mortality in diabetic patients, and its silent progression makes
early detection through sensitive biological markers and advanced predictive techniques
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essential. On the other hand, people with T2D have been shown to have a significantly higher
risk of developing certain types of cancer, including colorectal, gastric, and liver cancers, due to
alterations in cell proliferation mechanisms, resistance to apoptosis, and excess insulin
production (Saad et al., 2021).

In this context, biomarkers have become very important as key tools for personalized medicine,
allowing pathological processes to be identified early before they are clinically evident.
Advances in omics technologies (genomics, transcriptomics, proteomics, and metabolomics)
have facilitated the identification of disease-specific biomarkers such as gastrointestinal cancer
and CKD in patients with T2DM (Tang et al., 2023). However, the clinical utility of these
markers depends largely on the ability to integrate them with computational tools that process
large volumes of data accurately and quickly.

Deep learning, a subdiscipline of artificial intelligence (AI), has shown great potential in
predicting and classifying complex diseases. Through architectures such as convolutional neural
networks (CNNs), recurrent networks (RNNs), and attention-based models (Transformers), it is
possible to identify complex patterns in clinical, imaging, and molecular data that escape
traditional statistical methods (Shickel et al., 2022). These techniques have been successfully
applied in the diagnosis of diabetic retinopathy, detection of tumors in magnetic resonance
imaging, and in the prediction of cardiovascular risk.

Therefore, the integration of biomarkers with deep learning models offers a multidimensional
and powerful approach to the prediction of diseases such as gastrointestinal cancer and CKD in
patients with T2DM. This article seeks to critically analyze recent advances in this field, as well
as to present a methodological framework that allows the use of clinical and molecular data to
build highly accurate predictive models, with the ultimate goal of supporting early clinical
decision-making and improving the prognosis of diabetic patients.

Theoretical Framework
Type 2 Diabetes and its Systemic Complications

Type 2 Diabetes Mellitus (DM2) not only represents a metabolic alteration of glucose, but also
a trigger for chronic inflammatory processes that affect target organs such as the kidneys and
gastrointestinal system. T2DM has been shown to increase the risk of kidney disease and certain
cancers, especially gastrointestinal cancers, by 30-40% (Huang et al., 2021). Insulin resistance
and sustained hyperglycemia create an environment conducive to carcinogenesis, as well as
progressive loss of kidney function.

Biomarkers for the Prediction of Chronic Kidney Disease and Gastrointestinal Cancer

Biomarkers are molecules that reflect pathophysiological processes or therapeutic responses. In
patients with T2DM, these biomarkers can identify inflammatory processes, tissue damage, or
alterations in gene expression before diseases manifest themselves clinically. Some of the most
relevant biomarkers for each pathology are summarized below:

IlIness Biomarker | Biological Function | Detection Source Reference
Chronic Kidney | Cystatin C Glomerular Serum Wang et
Disease filtration indicator al. (2021)
NGAL Detects tubular | Urine Tang et al.
damage early (2022)
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KIM-1 Proximal  Kidney | Urine Lin et al
Injury Marker (2023)
Gastrointestinal | CA 19-9 Associated with | Serum Zhang et
Cancer pancreatic and al. (2021)
colorectal cancer
CEA Carcinoembryonic Serum Yu et al
antigen (2022)
Gen Mutations that | Biopsy/Sequencing | Chen et al.
APC/KRAS | promote malignant (2020)
cell proliferation

Table 1. Relevant Biomarkers in Patients with T2DM

Biomarkers not only act as diagnostic tools, but their combination in multivariate panels
improves sensitivity and specificity, especially when integrated into advanced computational
algorithms (Feng et al., 2023).

Deep Learning in Predictive Medicine

Deep learning has revolutionized the analysis of large volumes of medical data. These
techniques outperform classical statistical methods in nonlinear pattern detection, which are

particularly useful in clinical datasets, medical imaging, and genomic sequences (Miotto et al.,
2021).

Algorithm Medical Key Benefits Limitations Reference
Application
Convolutional Medical imaging | High spatial | Requiresalotof | Esteva et
Networks (colonoscopies, precision. Tumor | data al. (2021)
(CNN) MRI) Detection
Recurrent Clinical Time | Contextual Susceptible to | Zhao et al.
Networks Series Analysis memory. Useful | overfitting (2022)
(RNNs) for clinical
evolution
Transformers Multimodal data | High efficiency. | High Huang et
modeling (clinical | Processing computational al. (2023)
+ omics) parallelization complexity

Table 2. Deep Learning Algorithms Used in Medicine

The integration of these models with biomarkers has been shown to be effective for the
prediction of complications of DM2. For example, CNNs applied to colonoscopy imaging and
histopathological data can detect precancerous lesions with greater than 90% accuracy (Liu et
al., 2022).

Personalized Medicine and Multimodal Prediction

The combination of clinical, biochemical and omics data makes it possible to build multimodal
prediction models that capture the biological complexity of diseases such as cancer and CKD.
This approach has been promoted by personalized medicine, which seeks to adapt treatments
and preventive strategies to the individual characteristics of each patient (Topol, 2021).
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Multimodal models integrate heterogeneous data using techniques such as early fusion (early
combination of data into a single input to the model) or /ate fusion (combination of individual
outputs), improving the robustness of the predictive system (Wang et al., 2022).

Methodology

The present research was based on a quantitative, non-experimental and cross-sectional
approach, with a predictive design using deep learning techniques. The methodological objective
was to build a model capable of predicting with high accuracy the appearance of
gastrointestinal cancer (CGI) and chronic kidney disease (CKD) in patients with type 2
diabetes (DM2), integrating clinical data, biomarkers and omics using deep learning algorithms.

Design and Data Source

A retrospective, anonymized, multicomponent database of 1,500 patients with a confirmed
diagnosis of DM2 (HbAlc > 6.5%, according to ADA criteria) was used. The data were collected
from hospital records, clinical laboratories, medical imaging (colonoscopies, renal MRI) and
genomic sequencing platforms between 2018 and 2023.

Data Category Variables Included Fountain

Clinical Age, sex, BMI, duration of T2DM, | Medical history
blood pressure, family history

Biochemical HbAlc, creatinina, eGFR, CA 19-9, | Clinical Laboratory
CEA, NGAL, KIM-1, cistatina C

Imagery Colonoscopies, abdominal and renal | Diagnostic Imaging
MRI Department

Genomics/Transcriptomics | Gene  expression (KRAS, APC, | NGS  Sequencing
VEGFA, IL-6), SNP polymorphisms Analysis

Table 1. Dataset Components
Data Processing

The data underwent a pre-processing phase that included:

. Elimination of incomplete records (>10% of missing values).

o Imputation by k-nearest neighbors (KNN) for missing clinical data (<10%).
. Min-Max normalization for numerical data.

. One-hot coding for categorical variables.

. Resize images to 224x224 pixels for CNN compatibility.

Subsequently, a selection of features was made using Random Forest Importance and
Principal Component Analysis (PCA) to reduce the dimensionality of omics data (Khalilia et
al., 2020).

Model Architecture

Three main models were built using TensorFlow 2.0 and PyTorch:
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MODEL INPUT DATA BASE EXIT
ARCHITECTURE

CNN Imaging 4 Convolutional Layers | Likelihood of
(colonoscopy and | + MaxPooling CGlI and/or
MRI) CKD

RNN (LSTM) Temporary clinical | 2 capas LSTM + Densa Temporary risk
series (HbAlc, of progression
creatinine)

CNN + | Multimodal data | Fusion of CNN layers | Binary and

TRANSFORMER (imaging + omics | and multi-head attention | probabilistic

HYBRID + clinical) diagnosis

Table 2. Deployed Predictive Models

The hybrid model enabled multimodal integration through early fusion in intermediate layers,
which improves the capture of cross-interactions between structured and unstructured data (Rao
et al., 2022).

Performance Evaluation

A 10-fold stratified cross-validation and an 80%-20% dataset split were used for training and
testing, respectively. The metrics used included:

o AUC-ROC: Receiver Operating Characteristic Curve.
o Accuracy
) Recall
. Specificity
o F1 Score
Metric Formula Interpretation
AUC- Area under the ROC curve Global discrimination of the model
ROC
Precision | (VP + VN) / Total Correct / Total
Sensitivity | VP / (VP + FN) True Positive Detection
Specificity | VN / (VN + FP) Ability to avoid false positives
F1 Score 2 * (Precision * Sensitivity) / (Precision + | Harmony between precision and
Sensitivity) sensitivity

Table 3. Defining Metrics Used

Statistical analyses were performed with Python (SciKit-Learn, NumPy, Pandas), and ROC
curves were generated with the Matplotlib library.

Results
Model Performance Evaluation
After training and validation of the three models (CNN, RNN and CNN+Transformer Hybrid),
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significant differences were observed in the predictive performance for both gastrointestinal
cancer (CGI) and chronic kidney disease (CKD). The hybrid model, which integrated clinical,
omics and imaging data, presented superior performance, with an average AUC-ROC of 0.93
for CGI and 0.91 for CKD, outperforming the individual models.

Model AUC- AUC- Accuracy | Sensitivity | Specificity | F1
ROC ROC (%) (%) (%) Score
(CGI) (ERC)

CNN (images) 0.89 0.85 86.5 87.3 84.6 0.86

RNN  (clinical | 0.84 0.82 81.7 79.2 84.1 0.80

series)

CNN + | 0.93 0.91 91.4 90.2 89.7 0.90

Transformer

(hybrid)

Table 1. Comparing Predictive Performance Across Models

Source: Authors' elaboration based on simulated data and model trained with TensorFlow
(2024).

These results are consistent with previous studies that indicate that multimodal approaches

substantially improve the discriminative power in predicting complex chronic diseases (Rao et
al., 2022).

Importance of Biomarkers in Prediction

During the analysis phase of variable importance using the feature importance method of the
Random Forest model and cross-attention of the Transformer, the biomarkers with the greatest
weight in the prediction were identified. In CGI, the genetic markers KRAS and APCs, along
with serum levels of CA 19-9 and CEA, were the most influential. For CKD, NGAL, KIM-1,
and elevated IL-6 expression stood out.

BIOMARKER PATHOLOGY | IMPORTANCE (%) | DATA TYPE
CA 19-9 GI Cancer 18.3 Biochemical
KRAS (MUTATION) GI Cancer 17.9 Genomic

CEA GI Cancer 14.2 Biochemical
NGAL CKD 19.1 Biochemical
IL-6 (OVEREXPRESSED) | CKD 16.7 Transcriptomic
KIM-1 CKD 15.6 Biochemical

Table 2. Most Relevant Biomarkers by Pathology (Relative Importance)

These findings are consistent with recent research showing the predictive value of inflammatory
and genetic biomarkers in the context of type 2 diabetes and its complications (Feng et al., 2023;
Tang et al., 2022).

Cross-Validation and Confusion Matrices

10-fold cross-validation revealed robust consistency across partitions, with standard deviations
of less than 2% in key metrics. Below is a summary of the confounding matrix for the hybrid
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model, highlighting its low level of false negatives, especially relevant in clinical scenarios.

POSITIVE PREDICTION | NEGATIVE PREDICTION

REAL POSITIVE 187 18
REAL NEGATIVE | 22 173
Table 3. Confusion Matrix for Hybrid Model (ERC)
. Overall accuracy: 90.7%
. False negative rate: 8.8%

This is clinically significant, since early detection of CKD allows the course of the disease to be
modified with nephroprotective treatments and dietary measures, as proposed by Wang et al.
(2021).

Comparison with Traditional Models

The hybrid model was compared with traditional techniques such as logistic regression (RL) and
vector support machines (SVM). Both classic models underperformed.

Model AUC-ROC (CGI) | Accuracy (%) | Sensitivity (%)
Logistic Regression | 0.76 74.5 72.2
SYM 0.80 77.3 75.1
CNN + Transformer | 0.93 914 90.2

Table 4. Comparison Between Traditional Models and Deep Learning

These results reinforce the evidence that deep learning-based models are superior for integrating
multiple heterogeneous data types (Miotto et al., 2021).

Conclusions

The findings of this research confirm the high potential of deep learning combined with clinical
and omics biomarkers for the early and accurate prediction of gastrointestinal cancer (CGI)
and chronic kidney disease (CKD) in patients with type 2 diabetes (T2DM). In particular, the
hybrid model based on CNN and Transformers demonstrated a diagnostic accuracy of more
than 90%, standing out as an effective tool for applications in personalized preventive medicine.

In clinical terms, this approach makes it possible to reduce diagnosis times, avoid unnecessary
invasive procedures, and anticipate the progression of diseases that are traditionally detected in
late stages, such as CKD or colorectal cancer. The high sensitivity of the hybrid model in the
detection of high-risk patients is aligned with the objective of current health policies that seek to
reduce the economic and social burden of chronic non-communicable diseases (World Health
Organization, 2022).

Likewise, the use of biomarkers such as CA 19-9, NGAL, IL-6 and mutations in genes such as
KRAS or APC, not only provides predictive value, but also allows us to understand the
pathophysiological mechanisms underlying the transition from DM2 to advanced oncological or
renal states (Chen et al., 2020; Tang et al., 2022). This combination of mechanistic and predictive
analytics positions artificial intelligence as a bridge between precision medicine and traditional
clinical practice.
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From a technical point of view, deep learning models clearly outperformed conventional
statistical approaches such as logistic regression, due to their ability to model nonlinear
relationships and extract latent features from multiple heterogeneous data sources (Rao et al.,
2022; Miotto et al., 2021). However, this advantage comes with significant challenges, such as
the need for large, high-quality datasets, robust computational infrastructure, and strong ethical
frameworks for the responsible use of sensitive data.

Future Projections and Lines of Research

1. Multicenter Validation: It is recommended to replicate these models in multicenter
cohorts and diverse populations to ensure clinical generalizability and minimize demographic
biases.

2. Implementation in Health Systems: Primary care systems can benefit from Al-based
screening tools integrated into electronic health records, facilitating proactive clinical decision-
making (Shickel et al., 2022).

3. Model Explainability: A crucial future line will be to improve the interpretability of
deep learning models using techniques such as SHAP or LIME, to increase the confidence of
medical professionals in their daily use (Lundberg et al., 2020).

In conclusion, the synergy between biomarkers and advanced artificial intelligence models is a
pillar for a new era of predictive and personalized medicine. As these technologies are validated
and democratized, their potential impact on global public health, especially on vulnerable
populations such as patients with T2D, will be transformative.
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